T2SGrid: Temporal-to-Spatial Gridification for Video Temporal Grounding

Supplementary Material

1. Training Detail of T2SGrid

All individual video frames are formatted to 336 x 336.
For the Charades-STA dataset [3], both training and eval-
uation are conducted at 1 fps with the grid configuration set
to g43_s7, which includes overlap. To reduce computa-
tional cost, ActivityNet-Caption [1] is trained and evaluated
at 0.5 fps using the g4 3_s12 grid configuration, which con-
tains no overlap.

Training is performed using LoRA fine-tuning with
lora_r = 64 and lora_alpha = 128. The model is
trained for 3 epochs on 4x NVIDIA A100 40GB GPUs,
taking approximately 20 hours. The learning rate is set to
2 x 107® with the AdamW optimizer (8; = 0.9, 3y =
0.999), and a linear scheduler is applied to decay the learn-
ing rate.

2. More Experiments

Zero-shot Performance on QVHighlights. We evaluate
zero-shot performance on QVHighlights. As shown in Ta-
ble 1, integrating T2SGrid consistently enhances vision-
language models across different scales. Notably, it signifi-
cantly boosts mAP and HIT@ 1 for both Qwen2-VL-7B and
Qwen3-VL-8B baselines. The Qwen3-VL-8B + T2SGrid
combination achieves peak performance (32.5 mAP, 55.3
HIT@1), demonstrating our method’s strong zero-shot ef-
fectiveness and generalization.

Table 1. Zero-shot performance on QVhighlights

Method mAP HIT@1
TimeSuite 26.5 54.1
Trace 26.8 42.7
Qwen2-VL-7B 21.5 422

NumPro (based on Qwen2-VL-7B)  23.6 434
Ours (Qwen2-VL-7B + T2SGrid) 24.1 44.1

Qwen3-VL-8B 31.3 514
Ours (Qwen3-VL-8B + T2SGrid) 325 55.3

Hybrid Training. We tested a hybrid training approach
using both grid and sequential inputs. Incorporating
T2SGrid as an auxiliary signal during conventional fine-
tuning yielded superior results, boosting the grid-input
mloU to 54.5 and the sequential-input mIoU to a peak of
56.8.

Table 2. Performance comparison of Hybrid Training.

Method R1@03 R1@0.5 R1@0.7 mloU
FT 73.1 56.8 32.7 504
T2SGrid-FT 76.8 60.6 359 53.2
FT + T2SGrid-FT (Hybrid Training)
seq-input 78.7 65.7 42.7 56.8
grid_input 77.7 61.5 37.7 54.5
3. Ablation Study

3.1. Ablation Study on Grid Structure

To validate the necessity of the MxN grid structure, com-
parative experiments were conducted on the Charades-STA
dataset (Qwen2-VL-7B [13]) with three layouts: the stan-
dard 4x3 grid (prior ablation studies confirmed its optimal-
ity among grid configurations), 12x1 horizontal linear se-
quence, and 1x12 vertical linear sequence. As shown in
Table 3, the grid structure significantly outperforms linear
layouts across all metrics. At stride=7, the grid achieves
R1@0.3 (70.1), surpassing the horizontal linear (66.8) by
3.3 and the vertical linear (64.9) by 5.2; its R1@0.5 (46.7)
exceeds the horizontal linear (41.9) by 4.8 and the verti-
cal linear (41.5) by 5.2. At stride=12, the grid’s R1@0.3,
R1@0.5, R1@0.7, and mloU remain universally superior
to linear sequences, and results under stride=7 always ex-
ceed those under stride=12 under equivalent conditions.
These findings demonstrate that the 2D grid structure effec-
tively preserves temporal continuity through compact spa-
tial proximity, whereas the dispersed frame arrangement in
linear layouts weakens modeling capability.

Table 3. Grid Structure Performance Comparison (Charades-STA)

Layout Type Stride R1@0.3 R1@0.5 R1@0.7 mloU
T2SGrid(4x3) 7 70.1 46.7 20.1 44.3
Horizontal Linear(12x1) 7 66.8 41.9 18.0 42.0
Vertical Linear(1x12) 7 64.9 41.5 17.2 40.6
T2SGrid(4x3) 12 64.5 429 18.1 41.2
Horizontal Linear(12x1) 12 64.1 422 17.5 41.0
Vertical Linear(1x12) 12 63.8 41.7 17.9 40.6

3.2. Ablation Study on Frame Ordering Schemes

Within the 4x3 grid framework, four ordering schemes
were evaluated: row-major (left-to-right row-wise traver-
sal), column-major (top-to-bottom column-wise traversal),
horizontal snake (left-to-right within rows, with row-wise



direction alternating), and vertical snake (top-to-bottom
within columns, with column-wise direction alternating).
As presented in Table 4, row-major ordering consistently
delivers optimal performance: at stride=7, its R1@0.3 leads
column-major (69.0) by 1.1; at stride=12, row-major sim-
ilarly outperforms column-major and snake arrangements
in R1@0.3, R1@0.5, R1@0.7, and mloU. Critically, all
metrics (R1@0.3/R1@0.5/R1@0.7/mloU) under stride=7
surpass their stride=12 counterparts, further validating the
model adapts best to row-major sequencing.

Table 4. Frame Ordering Performance Comparison (Charades-
STA)

Ordering Scheme Stride R1@0.3 R1@0.5 R1@0.7 mloU

Row-major 7 70.1 46.7 20.1 44.3
Column-major 7 69.0 45.7 19.0 43.5
Horizontal Snake 7 68.8 45.1 18.9 432
Vertical Snake 7 68.7 458 19.2 43.5
Row-major 12 64.5 429 18.1 41.2
Column-major 12 64.2 42.5 179 41.0
Horizontal Snake 12 63.7 42.7 16.6 38.9
Vertical Snake 12 63.5 42.8 17.0 39.4

3.3. Ablation on Implicit Temporal Encoding in
Grid and Explict visualNum

We further conduct an ablation study to examine the im-
plicit temporal encoding mechanism in T2SGrid. While the
main text highlights that our method leverages the inher-
ent implicit encoding provided by the grid structure, we ad-
ditionally explore augmenting each frame within the grid
with a visual index placed at the bottom-right corner to
provide explicit temporal cues [16]. As shown in Table 5,
adding such visual markers leads to performance degrada-
tion: R1@0.3 drops by 7.6 and mloU decreases by 4.2. The
extra visual numbering introduces interference to the visual
content, causing the model to over-focus on local numeric
attributes while overlooking the spatial evolution patterns
across frames, thereby weakening its temporal modeling ca-
pability. These findings demonstrate that leveraging the in-
trinsic spatial topology of the grid representation to encode
local temporal dependencies is an effective design choice.

Table 5. Ablation Study on Implicit Time Encoding (Charades-
STA)

Configuration R1@0.3 R1@0.5 R1@0.7 mloU
Implicit 70.2 46.7 20.1 44.3
Implicit + visualNum 62.6 414 19.1 40.1

4. More Attention Analysis

Qualitative Analysis of Attention. We conducted further
attention analysis in Figure 1. From the perspective of spa-

tial attention, sequential-frame inputs exhibit noisy and dif-
fuse attention patterns. For example, in the first and sec-
ond cases, the attention spreads across irrelevant regions
of the frame. In contrast, the grid-based representation en-
ables the model to focus on the woman beginning to eat a
sandwich in the first example and the pill-taking action in
the second example. This shows that the grid structure ef-
fectively enhances local spatial attention, as frames within
each grid can attend to one another through the attention
mechanism.From the perspective of temporal attention, the
grid representation also guides the model to place attention
closer to the ground-truth moments, whereas sequential-
frame inputs may sometimes deviate from the correct tem-
poral regions.

Quantitative Analysis of Attention. A key limitation of
sequential inputs is that the attention weights tend to be
uniformly dispersed, struggling to concentrate on the true
temporal dynamics. To quantitatively evaluate this, we pro-
pose two metrics: Temporal Attention Entropy (TAE)
and Temporal Attention Accuracy (TAA).

Given the sequence of frame-level attention scores A =
[a1,as,...,ar] (typically the average of the last cross-
attention layer), we first compute the normalized attention
distribution p; = at/ ZiT:1 a;. The TAE is then defined as:

T
TAE = — > " p; log(py) ()
t=1

Theoretically, sequential inputs yield a higher entropy due
to their dispersed attention. In contrast, our proposed grid
input (T2SGrid) yields a lower entropy by keeping the at-
tention highly concentrated.

To measure the alignment with the ground truth, we con-
struct a GT mask sequence G = |[g1, g2, ..., g7, Where
g+ = 1 if an action occurs at step t, and g = 0 other-
wise. TAA calculates the proportion of the attention mass
that correctly falls inside the GT interval:

S (ai - g1)

TAA = @)

t=1 0t

As demonstrated in the table below, our T2SGrid
achieves notably lower entropy (TAE |) and higher accu-
racy (TAA 1) compared to the sequential baseline (Seq.).
This confirms that T2SGrid successfully yields an attention
mechanism that is both highly concentrated and precisely
aligned with the target temporal regions.

Input Format TAE () TAA (1)

Sequential (Seq.) 3.229 0.296
T2SGrid (Ours) 2.781 0.458




5. Adaptability to Long Videos and Varying
Frame Rates

Our T2SGrid framework is designed with inherent flexibil-
ity to handle videos of varying durations and frame rates
without compromising spatial resolution or temporal preci-
sion. In this section, we detail how our method T2SGrid
adapt to these variations.

5.1. Scalability to Long Videos

Processing long-form videos remains a major challenge for
Vision-LLMs [5, 6, 12, 13]. T2SGrid constructs tempo-
rally coherent grids through a configurable sliding-window
mechanism, enabling the model to scale more robustly to
longer video durations.

To illustrate this, consider a 10-minute (600s) video.
When sampled at 1 fps with a temporal stride of s = k =
12, the video is divided into roughly 600/12 = 50 grids,
which are processed sequentially by the Video-LLM. Even
under a much lower sampling rate such as 0.1 fps, the same
video still forms about 60/12 = 5 grids, demonstrating that
T2SGrid naturally adapts to longer videos by adjusting the
number of grids.

This flexibility confirms that our design maintains tem-
poral coverage without increasing computational burden,
making it well-suited for long-video understanding [10, 11,
14, 15, 17]. As reported in the main text, T2SGrid delivers
notable gains on the long-form benchmark VideoMME [2],
achieving an improvement of 0.8 points over baseline.

5.2. Robustness to Varying Frame Rates (FPS)

Our method is also inherently robust to varying frame rates,
since it operates directly on frame counts rather than abso-
lute timestamps. In principle, this allows T2SGrid to adapt
to any FPS without modifying the model architecture or grid
configuration. Whether a 12-frame window corresponds to
0.5 seconds at 24 FPS, 2 seconds at 6 FPS, 12 seconds at
1 FPS, or even 24 seconds at 0.5 FPS, the resulting spatial
grid representation (G;) presented to the Vision-LLM re-
mains structurally identical.

This FPS-agnostic design ensures that T2SGrid main-
tains consistent spatiotemporal encoding across different
video sampling rates, enabling stable performance on both
high-FPS short clips and low-FPS long videos.

6. More Qualitative Results

6.1. Additional Visualization Results on Charades-
STA dataset

Figure 2 visually compares our method with prior
state-of-the-art approaches (including TRACE [4] and
NumPro [16]) for video temporal grounding (VTG) [1, 3, 7—
9] tasks using the Qwen2-VL-7B model on the Charades

dataset. Experimental results demonstrate superior per-
formance in action-oriented query scenarios, where videos
typically concentrate around 30 seconds. Our method
achieves precise temporal localization for both simple ac-
tions (e.g., “Person eat the food.”) and complex multi-
condition queries (e.g., “Person eats sandwich that is seat-
ing on side of sink.”), with predicted intervals closely align-
ing with ground truth annotations despite significant devi-
ations in comparative methods. This visualization robustly
validates our approach’s exceptional precision for action-
related queries.

6.2. Additional Visualization Results on ActivityNet
dataset

Further in Figure 3, extended visual comparisons on the Ac-
tivityNet dataset validate performance differences between
our method and competing approaches under Qwen2-VL-
7B. This dataset exhibits significant temporal diversity, with
specific cases in Figure 3 demonstrating video durations
ranging from 30 seconds to 178 seconds, while its queries
primarily involve complex event descriptions rather than
simple actions. It accurately localizes prolonged events like
“A man rides a horse holding a pole and joins other people
that play polo.”, whereas other methods exhibit temporal
misalignments or fragmented coverage (e.g., capturing only
initial phases) in longer videos, failing to encompass en-
tire event progressions. These visual proofs substantiate our
method’s stable temporal localization capabilities for com-
plex events in duration-varying videos.

7. Limitation

While our T2SGrid has proven effective across multiple
models and datasets, significantly surpassing previous state-
of-the-art models, there are still some limitations:

* Due to computational constraints, all individual video
frames are resized to 336 x 336, and some videos are
evaluated at a reduced sampling rate of 0.5 fps. This low
frame-rate setting limits the amount of temporal informa-
tion available to the model, which may lead to a degra-
dation in temporal modeling performance, especially for
tasks requiring fine-grained motion understanding.

* Qur approach is built on Vision-LLMs with ViT back-
bones that support native-resolution inputs. For Vision-
LLMs that do not yet offer native-resolution processing,
directly applying our method may be less suitable, as it
relies on assembling raw video frames without losing spa-
tial information. Using models that downscale or do not
preserve native resolution could degrade spatial fidelity
and undermine this design principle.



Query: the person begins eating the sandwich. GT: Os - 4s
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Query: one person takes some medicine. GT: 2.0s— 8.7s

Figure 1. Additional analysis of temporal and spatial attention. Red boxes indicate the model’s predictions, while green boxes denote the
ground-truth annotations. The left side shows the sequential-frame input, and the right side shows the grid-based input.



Query: Person eat the food. 325 in total\“-.‘.

Ground Truth:
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Ground Truth:

Ours:
19.0s 25.0s
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15.6s 23.1s
Numpro:
18.0s 27.0s

Figure 2. Additional visualization cases of Video Temporal Grounding task on Charades-STA dataset.
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Query: He then lifis it over his head before dropping it.
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Ground Truth:

115.00s 169.11s
Ours:
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16.5s 128.9s
Numpro
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Figure 3. Additional visualization cases of Video Temporal Grounding task on ActivityNet dataset.
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